• Stands more vulnerable to browsing damage are young with lower densities and dominated by birch, pine or mixed species.
Introduction
Increasing populations of ungulates like moose (Alces alces) and other cervids are raising the concern on the effects they have on forests (Edenius et al. 2002) and their ecosystem components (Mathisen and Skarpe 2011) . Whereas ungulates are large animals appreciated for their hunting value, they can also cause extensive damage on forest stands, changing their structure by inhibiting regeneration, delaying tree growth and affect the species richness of the feeding stand (Edenius et al. 1995; Hester et al. 2000) . In Norway, browsing is associated to the highest damage levels on forest lands compared to other disturbances although the frequency of browsing damage has varied along the period -2014 (Díaz-Yáñez et al. 2016 .
The ungulates' behavior is difficult to model and arguably poses a challenge to risk modeling, whereas forest stand characteristics, on the other hand, are easier to study and can help determine how vulnerable forests are to browsing damage. In this sense, a better understanding of the forests' vulnerability can be used to make inferences about the process of resource selection of moose, based on surrogate predictors. Previous studies have pointed out different forest based variables that are related to browsing damage risk, like the stand composition: earlier studies demonstrated that the dietary preferences of the animals make stands with preferred tree species more vulnerable to browsing, in some cases to a limited extend (Edenius 1991) and in others as one of the determinant variables (Jalkanen 2001; Pietrzykowski et al. 2003; Vehvilainen and Koricheva 2006) .
In Norway, the most important species for moose diet are birch (Betula spp.) and other broadleaves like rowan (Sorbus aucuparia L.), willow (Salix spp.) and aspen (Populus tremula L.) (Wam and Hjeljord 2010) . Ungulates use spruce stands for sheltering during day time or winter cover, as they present little forage possibilities (Mysterud et al. 2002) . Forage preference can also change seasonally, making for example selectivity for birches higher in summer than winter (Wam and Hjeljord 2010) . The damage intensity also changes with the available food quality; for instance, moose typically browse larger biomass quantities in smaller areas when the food quality is lower, meaning less palatable species (Saether and Andersen 1990) . Another variable linked to browsing risk is the stand diversity; the more diverse the stand, the higher damage risk expected, even over less palatable species (Vehvilainen and Koricheva 2006) . This is common on mixed stands where the understory species are broadleaves with a conifer overstory (Brandeis et al. 2002) . Other variables like ungulate population size or location of the stand, whether on migration routes or close to shelter areas, also increase the stand vulnerability to browsing, independently of their species composition and diversity (Mysterud et al. 2002) .
The size of the stand is another factor related to the risk of browsing damage. Browsing is relatively greater in larger stands than small ones, as it is also linked to the species quality and structure of the stand (Pietrzykowski et al. 2003) . Management actions modifying the stand structure have been proposed to reduce the risk of browsing damage. One of those management recommendations involves a delay on the removal of larger specimens close to seedlings, as it reduces the discovery rate of the tree seedlings and therefore the risk of damage (Brandeis et al. 2002; Pietrzykowski et al. 2003) . Another management actions connected to the stand structure are silvicultural treatments like thinnings: despite thinnings may improve the forage quality and quantity, they can also create barriers and impede ungulates movement into the stand when heavy slash is present, and therefore reduce the browsing damage (Emmingham et al. 1989) . Highly dense stands can also complicate the access of ungulates to the stand and therefore reduce the browsing damage (Jactel et al. 2009 ). Finally, stand age is another factor influencing the risk of browsing damaged. Stand age has been used in browsing predicting models, together with other highly correlated variables such as height (Jalkanen 2001) , as they describe the amount of forage available at a suitable height.
All these variables, among others, are directly or indirectly related to the occurrence of browsing damage. However, as observed in the literature, there are multiple interrelations and confounding effects that complicate the analysis of stand vulnerability to damage, thus a solid analysis requires a large amount of observations and suitable methodological approaches that can accommodate this complexity. National Forest Inventories are a suitable source of data for analysis as can provide extensive empirical data that have proved to be useful for predicting and understanding browsing damage on forests (Hörnberg 2001a; Hörnberg 2001b; Jalkanen 2001) , despite the fact that are not specifically designed for this purpose and can present limitations (Nevalainen et al. 2016) .
In the present study, we used the Norwegian National Forest Inventory to identify the forest variables, and their values, leading to a higher probability of browsing damage occurrence. Specifically, the aims of this study are: 1) identify the variables affecting the probability of browsing damage, 2) study the sign and magnitude of the effect of the identified variables on the probability of browsing damage occurrence, and 3) develop a predictive model for browsing damage occurrence at stand level. The ultimate ambition being to provide useful information to define management decisions aiming at reducing unwanted browsing effects.
Material and methods

Data sources
The data was based on the Norwegian National Forest Inventory (NFI) entailing the period 1995-2014, corresponding to the 7th, 8th, 9th and 10th inventories. The Norwegian NFI is a systematic inventory with permanent plots of 250 m 2 in a 3×3 km grid. In this study, we considered all plots with damage records, except those located in Finnmark (Fig. 1 ) due to the scarcity of forest lands in the region. The occurrence of damage at stand level was measured in an area of 1000 m 2 around the plots. Plots were considered damaged by browsing when the damage was higher than 5%, defined in young stands as the percentage of dead or damaged future trees as a part of the original number of trees; or in old forest as the percentage of stand crown mass that is grazed away (Skoglandskap 2007). Variables describing the forest stand, site and treatment were used to characterize the absence or presence of browsing damage (Table 1 ). All the variables reflected the state of the stand before the damage was recorded, i.e. if the damage was assessed in the 8th inventory measurement, the stand and treatment information corresponded with the 7th measurement. We only considered the most forested part of plots divided by a stand border, i.e. plots with one part on forest and the other on water or agricultural land. In total 29 338 records were included.
Statistical methods
We applied classification tree methods, which are an approach based on machine learning that provides effective ways to explore numerically and graphically complex relationships in the data (De'ath and Fabricius 2000; Selkimäki et al. 2011) . They are also flexible in handling different types of variables; they are relatively easy to understand and implement and able to handle miss- The predicted effect is "+" when the variable increment means an increase in damage occurrence probability; "-" when the variable increment means a decrease in damage occurrence probability; "Not clear" when the trend is not clear; "NA" when the variable trend is not available. ing values. We followed the general steps of this type of analysis: 1) divide data using splitting criteria, 2) forming a final tree, 3) pruning the final tree to reduce its size and increase its classification abilities avoiding overfitting. We used the Gini index as a measure of impurity to define the splitting criteria, and we set five plots as the criterion for minimum size nodes, i.e. the final tree should have a minimum of five plots in each node and final leaves. Cross validation has been used to select the final tree size by using the one standard error rule (Breiman et al. 1984) . All the trees were calculated with the R package rpart (Therneau et al. 2015) . The predictive evaluation of the models was done using performance metrics like mean accuracy and error rate, and the area under the curve (AUC) of the receiver operating characteristics (ROC).
As expected, the number of plots damaged and undamaged were not equally represented: our data had a distribution of 28 497 undamaged plots and 841 plots damaged by browsing, giving a prior probability of 0.97 for undamaged plots. This imbalance would lead to classify correctly the undamaged plots and misclassify many damaged plots (Chawla 2003) . Several methods have been developed in machine learning approaches to make datasets more balanced (Kubat and Matwin 1997; Chawla et al. 2002; Chawla 2003) and among these, under-sampling of the majority class has been proposed as a good method to improve the minority class classification (Chawla 2003) . Based on this, we under-sampled undamaged plots until the damaged plots represented certain percentage of the undamaged plots (i.e. an under-sample of 100% resulted in a dataset where there were equal number of damaged and undamaged plots). There were ten under-sample percentages selected systematically every 10 (i.e. 10%, 20%, 30%,… 100%) and five repetitions per percentage, resulting in 50 model alternatives. From this pool, the model that better described the data and presented the highest predictive power was selected as the final candidate to present the analysis.
Finally, the variables were further analyzed according to their average importance in the trees. The variable importance was calculated based on the goodness of the split measure when it acts as primary variable and the goodness for the splits were it acts as surrogate variable (following Breiman et al. 1984 ).
Results
Across the 50 models considered (one per each dataset where the majority class was under-sampled), the ranking of variable importance was consistent (Fig. 2) . The variables used in the classification trees were mainly explaining stand structure and composition although site variables were also present. The ten most important variables defining browsing damage occurrence were: mean trees' age, development class, basal area, density, diameter, Gini coefficient of the trees basal area, stand size, altitude, previous treatment, and percentage of pine. In general, the variable values making a stand more vulnerable to browsing damage (Table 1) would define a young stand with low densities, or a stand with pine or mixed. The variable PrevTr indicated that stands were more susceptible to damage after treatments such as thinning, selective cutting or regeneration planting. The variables Gini and Shannon indicated that stands with heterogeneous structures or diverse were more susceptible to browsing damage. Finally, the most important site related variables were altitude, slope and site index.
The selected model resulted from an under-sampled dataset where the number of all the damaged plots accounted for 80% of the randomly selected undamaged plots (Fig. 3) . The model was chosen due to its high predictive and explanatory power (AUC = 0.9), high sensitivity (0.82) and specificity (0.77), meaning that there was a high proportion of damaged and undamaged stands correctly identified, and finally, high accuracy (0.80). The model explanatory power was high and included the most important variables explaining the stand vulnerability to browsing damage. The first split in node 1 indicated that young stands were more susceptible to browsing damage; the surrogate variable in this node was development class, also indicating that earlier development classes had higher vulnerability to damage. Node 2 divided the stands according to their density, showing that stands with high densities (>1400 trees ha -1 ) had a lower browsing probability (P = 0.32); the surrogate variable in this node was the basal area, indicating that stands with basal area above 20 m 2 ha -1 also had a low probability to be damaged. The node 3 made a spatial differentiation between stands located at different altitudes; those stands located over 168 m of altitude had the highest damage probability for lower densities stands (P = 0.86) but also, stands below 168 m of altitude but on low productivity sites (node 5) had the highest probability of browsing damage (P = 0.86). The node 15 divided the plots according to the dominant species indicating that mixed stands that were denser (>1400 trees ha -1 ) had high probabilities of browsing damage (P > 0.67). Finally, in node 7, plots were divided according with the percentage of spruce presence, showing that stands with low spruce presence or stands dominated by birch, pine or mixed stands (indicated by the surrogate variable dominant specie) and that had small size (<0.5 ha), had high probability of browsing damage, especially in low altitudes (P > 0.51).
Discussion
Variables describing characteristics like composition, structure, site or management are helpful to evaluate the vulnerability of a stand to suffer from ungulate browsing. This study identified the main variables related to browsing damage occurrence and presented a model predicting the occurrence of browsing damage. We developed the model using classification trees as it is an approach that can accommodate complex relationships between variables, with a high predictive power.
The method was applied to find the right complexity not susceptible to overfitting. Whereas the results showed that some variables, like altitude or site index, tended to spatially overfit the models, as they characterized very specifically located groups of stands, most of the variables considered, like age, tree density, species composition, stand size, and previous treatments delivered interesting patterns. Age and stand development class proved to be the most important variables predicting browsing damage occurrence in our models. As expected, browsing damage typically happened on young stands (Díaz-Yáñez et al. 2016) as they offer more forage at a suitable height (Jalkanen 2001) .
High tree densities decreased browsing damage occurrence in the studied area. This agrees with results on pine stands, where higher density in the stand reduced browsing on branches, pine leaders and bark stripping (Andren and Angelstam 1993) . There are two possible explanations link- No or Browsing indicate the fitted class of non-damage plots and damaged plots, respectively. Below each fitted class it appears the probability of that class and the percentage of the total data present in that node.
ing an increment in tree density with a decrease on browsing damage occurrence. First, more dense stands might complicate the access of ungulates preventing them from browsing in those stands (Jactel et al. 2009) . A second possible explanation could be related with the browsing possibilities in the stand itself. In a highly dense stand there is more food available and ungulates tend to only choose the best quality twigs available in each tree, meaning that typically in these stands ungulates reduce the intake per tree (Vivas and Saether 1987; Edenius et al. 2002) . On the other hand, when there are less forage options in the stand, due to lower tree density, each of the trees might suffer more browsing pressure (Hörnberg 2001b) . Arguably, although the total biomass browsed in a denser stand might be higher, the relative impact of each tree would be lower. These results indicate that special preventive actions are recommended when young stands have densities bellow 1400 trees ha -1 , as those stands present the highest probabilities of suffering browsing damage.
We found that birch, pine and mixed dominated stands were more favorable to browsing damage than spruce dominated stands, as shown earlier (Jalkanen 2001; Edenius et al. 2002) . In our models, the Shannon index also indicated that diverse stands are more susceptible to suffer browsing damage, as found in earlier studies (Vehvilainen and Koricheva 2006a; Nevalainen et al. 2016) . Plants in diverse stands may suffer more from browsers when those are generalist herbivores like moose, as they can benefit from the broader species range. Also, stands with high diversity may combine more palatable species with less palatable ones, making the browser also feed from the less preferred species after the depletion of the favored ones (Brandeis et al. 2002; Milligan and Koricheva 2013) . Therefore, the stand's species diversity should be stressed and considered in forest management actions, especially when the forest practices favor the increment of mixed stands with birch or other mixtures of deciduous species. Thus, management actions increasing the presence of more diverse stands can combined with precise knowledge of the presence and density of ungulates populations in the area.
Stand size was one of the ten most important variables in our analysis, although it did not indicate a clear predictive effect, like results found in neighboring countries (Andren and Angelstam 1993) . Smaller stands can create more favorable habitats for moose by decreasing the distances between forage and shelter areas and entailing more edges and patches (Edenius et al. 2002) . But larger stands are typically more damaged as ungulates spend more time foraging within those stands (Shipley and Spalinger 1995; Pietrzykowski et al. 2003; Nevalainen et al. 2016) . In Norway, it has been shown that the changes in stand size due to agriculture and forest management had an impact on the ungulates population (Mysterud et al. 2002) , and the ungulates population size has a direct effect on the probability of browsing damage occurrence.
Previous treatments applied on stands influence as well the probability of browsing damage. In Fennoscandia, clear cuts are a common treatment in managed forests leaving open areas with borders, that are very attractive to ungulates (Reimoser and Gossow 1996) . Other common treatments like thinnings or cleanings can have a double impact: one increasing the damage, as they provide more quality food, but also the contrary effect, reducing the browsing as they can temporarily avoid the entrance of the ungulates due to excessive slash (Emmingham et al. 1989; Nevalainen et al. 2016) . It has been suggested that cleaning could be delayed in order to increase the food availability and avoid depletion of certain species (Heikkilä and Härkönen 1996) . Finally, treatments improving regeneration like planting or opening of gaps through selective cuttings also increase the probability of browsing occurrence due to the increase of suitable feeding plants.
As a conclusion, the results from this study indicate that certain variables, like stand composition, tree density and stand size were affecting the probability of browsing damage occurrence and should be taken into consideration when making management decisions. Based on these principles, management actions should avoid aiming at young stands with low densities, and consider that when oriented to obtain more close-to-nature structures, with higher compositional diversity, we can favor the presence or abundance of species that ungulates prefer. We also conclude that the stand size variable should be further studied as it might provide more insight and potential management measures to avoid browsing damage. Stand size and other spatial analysis, like stand connectivity, could be studied combined with other tools like airborne laser scanning (Melin et al. 2016) , providing interesting management information at landscape level.
Finally, it must be considered that other variables like the actual ungulate density (Hörnberg 2001a; Bergqvist et al. 2014) or information about previous browsing damage (Bergqvist et al. 2003) would play a fundamental role to evaluate the vulnerability of a stand. The inclusion of all these factors will determine the occurrence of browsing damage and whether the damages are part of the forest dynamics or a threat for the future of the forest. Despite its limitations, the current study provides relevant analysis entailing data for a large area along 20 years, contributing to expand the literature of browsing damage and its relationship with forest management.
